11 2 Common species shape the world around us, and changes in their commonness signify 12 large-scale shifts in ecosystem structure and function 1-4 . Dominant taxa drive 13 productivity and biogeochemical cycling, in direct interaction with abiotic components 14 of the Earth system 3,4 . However, our understanding of the dynamic response of 15 ecosystems to global environmental changes in the past is limited by our ability to 16 robustly estimate fossil taxonomic richness 5,6 , and by our neglect of the importance of 17 common species. To rectify this, we use observations of the most common and 18 widespread species to track global changes in their distribution in the deep geological 19 past. Our simple approach is robust to factors that bias richness estimators, including 20 widely used sampling-standardization methods 5 , which we show are highly sensitive to 21 variability in the species-abundance distribution. Causal analyses of common species 22 157
True species richness can be elusive even in well-studied ecosystems, because most 29 species are very rare, and relatively few species account for most of the total abundance 1,2 . 30 For example, only ~1.4 % of the estimated tree species account for half of the biomass and 31 control the cycling of water, carbon, and nutrients in the Amazon forest 3 . Similarly, a recent 32 survey of eukaryotic diversity in the oceans found that ~0.24 % of the taxa accounted for half 33 of the total number of rDNA reads 4 . 34 Abundance and occupancy are typically positively correlated, with the more abundant 35 species being the more widespread 4,7 . In the fossil record, species and higher taxa generally 36 3 have a humped temporal distribution of occurrences, being rare in the early and late stages of 37 their known stratigraphic range [8] [9] [10] . 38 Here we accommodate these ecological features by focussing only on species that are 39 common and widespread at any given time, using the Summed Common species Occurrence 40 Rate (SCOR), a very simple occurrence-based quantity that is sensitive to changes in total 41 abundance (Methods) 11 . We apply SCOR to deep-sea sedimentary records of calcifying 42 plankton (coccolithophores and foraminifera) over the last 65 years to demonstrate how 43 relative changes in the distribution of common and widespread species were linked to climate 44 change on geological time scales. 45 First, we evaluate the sensitivity of SCOR and commonly used richness estimators to 46 potential biases using Poseidon, a simulation model of planktonic microfossil occurrences 47 (Fig 1; Methods and Supplementary Code). We target methods currently popular in 48 palaeobiology, and highlight the effects of two main factors: variability in the spatial 49 sampling completeness (Fig. 1b) , and variability in the shape of the species rank-abundance 50 distribution (RAD; Fig. 1c ). 51 Our simulations with Poseidon show that the SCOR estimate of relative changes in 52 total abundance is highly robust to variability in both spatial sampling and RAD shape (Fig. 53 1d). By definition, SCOR is immune to the loss of rare species, and decoupled from changes 54 in richness. As expected, the fidelity of raw sampled richness (S) decays rapidly with 55 increasing sampling variability, but shows little sensitivity to changes in the shape of the 56 RAD. Simple range-through richness (RT; assuming a species existed in all time bins 57 between its first and last occurrence) is relatively robust to both factors, indicating that the 58 level of sampling in Poseidon is sufficient to avoid severe edge effects. The Shannon entropy 59 H, which reflects both richness and evenness, is very sensitive to RAD shape variability, 60 ultimately tracking changes in evenness at the expense of changes in richness. Classical 61 4 rarefaction (CR) and shareholder quorum subsampling (SQS) 5 , being sampling-62 standardization methods, are robust to the effect of spatial sampling variability on richness, 63 all else being equal. However, both CR and SQS are highly sensitive to changes in RAD 64 shape. As with Shannon H, increasing RAD variability causes CR and SQS to lose track of 65 richness and respond to changes in the shape parameter σ of the RAD instead. Note that the σ 66 values used in Poseidon generally correspond to high, moderately variable species evenness 67 ( Supplementary Fig. 1) . A third subsampling method, occurrences-squared weighted 68 (O2W) 12 , shows overall poor agreement with true richness. 69 Turning to the rich deep-sea sedimentary record of the Cenozoic Era (0-65 million 70 years ago), we analysed global occurrences of the two most prominent groups of calcifying 71 plankton, coccolithophores and foraminifera, from the Neptune Sandbox Berlin (NSB) 72 database 13,14 (Methods). In both groups, raw S generally increases along with the number of 73 boreholes representing the spatial sampling, while sampled evenness (J) decreases 74 ( Supplementary Fig. 2a,b ), as expected if improved sampling enhances the detection of rare 75 species (Fig. 1b,c) . Sampling-standardized richness estimates (SQS) seem to remove the 76 sampling trend, but given the sensitivity of subsampling methods to RAD shape found in 77 Poseidon, we suspected an evenness signal in the SQS estimates. Indeed, SQS richness can 78 be reproduced by simply adding together the raw S and J curves ( Supplementary Fig. 2c,d ), a 79 relationship that emerges across NSB data and simulation runs (Fig. 2 ). This result implies 80 that changes in evenness are a major confounding factor for current sampling-standardized 81 richness estimators. 82 Focussing instead on common species, coccolithophores and foraminifera have 83 markedly different SCOR trajectories through the Cenozoic. On average, coccolithophores 84 have their highest SCOR values in the Eocene, followed by a decline in the Oligocene and a 85 resurgence in the late Miocene and Pliocene. Aspects of the coccolithophore SCOR pattern 86 5 have been linked to Cenozoic proxy records of atmospheric CO 2 , suggesting that 87 coccolithophores could thrive in a high-CO 2 world 11,15 . Since their rise in the Mesozoic, 88 coccolithophores shifted the dominant locus of carbonate burial from continental shelves to 89 the deep sea, providing a new mechanism for buffering ocean chemistry and atmospheric 90 CO 2 through carbonate compensation 16 . Oligocene cooling and CO 2 decline was 91 accompanied by a lowering of the carbonate compensation depth, which has been attributed 92 to changes in the supply of weathering products to the ocean 17 . The Oligocene reduction of 93 coccolithophore SCOR is opposite to that expected if SCOR were biased upward by 94 enhanced deep-sea preservation 11 , and carbonate preservation trends cannot explain the 95 independent SCOR patterns in the two calcifying groups. Selective dissolution or taxonomic 96 preferences in sample processing may cause short-term volatility in SCOR, but only if 97 species presence or absence is random with respect to commonness ( Supplementary Fig. 3 ). to be important abiotic controls on the long-term evolution of planktonic foraminifera 6,19-21 . 109 Here we tested this drive-response hypothesis using three conceptually very different (1) 291 and we estimate its variance by the delta method 33 : 292 (2) 293 SCOR is based on the observation that the more globally abundant a species is, the more 294 likely it is to occur at a greater number of sites 4 . As p approaches 1, the rate of increase in λ 295 grows rapidly, such that very widespread species have a much greater influence on SCOR richness and abundance are allowed to vary independently (Fig. 1a ). In each time step, we 310 randomly assign an abundance value to each species, such that the entire community has a 311 log-normal rank-abundance distribution (RAD), the shape of which can be fixed or time-312 varying. Species ranks are randomly reshuffled between time steps. We then randomly assign
a spatial grid cell (site) to an individual of a species, where it can potentially be preserved and 314 sampled. 315 Next, we sample only a proportion of the sites (spatial cells) such that this proportion 316 increases linearly from 0.1 to 0.4, representing a declining sampling coverage with age, 317 typical of deep-sea sedimentary records. Any short-term variability is thus superimposed on 318 this trend (e.g. Fig. 1b ). Furthermore, a proportion of the remaining species can be randomly 319 removed (representing dissolution, selective picking, or other processes causing a species to 320 be absent in a time bin, regardless of its original abundance). 321 We then calculate raw S, RT, Shannon H, and three sampling-standardized richness 322 metrics widely used in palaeobiology (CR, O2W, and SQS). Although a generalized OXW 323 has been recommended for paleontological datasets 34 , we use O2W here because our data 324 meet the assumptions of the latter 12 . We used two versions of the shareholder quorum mapping was then performed using the entire time series as both prediction and library sets. 374 To avoid biased results, we used leave-one-out cross validation (i.e. the predictee P i itself and 375 points in a time radius of E around P i were excluded from the libraries, such that no points 376 sharing coordinates with P i were used in the predictions; see refs. 41, 42). 377 If unidirectional forcing is sufficiently strong, the dynamics of the response variable 378 can become dominated by the driving variable. In this case, CCM may be significant in both 379 directions, and thus unable to distinguish unidirectional forcing from bidirectional causality. 380 To address this, we used the extended CCM approach 28 , which repeats the cross mapping 381 using different time-displacements of the original time series. If there is a discernable lag 382 between cause and effect, then optimal cross map skill is expected to occur for negative time 383 lags in the direction(s) of true causality (past drives future). If true causality is unidirectional, 384 then any CCM skill in the non-causal direction is expected to peak for positive lags (future 385 "drives" past). by Verdes 23 , which has previously been applied to the analysis of geological records 11,24,48,49 .
Here we expand on these earlier applications by repeating the IT analysis for different To model a hidden process, we can write 435 (6) 436 Here, the measured process Y 1 has a hidden process (or layer) Y 2 folded into its systematic 437 part, such that Y 1 tracks Y 2 . Y 1 is similar to an OUP, but instead of fluctuating around a fixed 438 expected value it fluctuates with a lagged response to the OUP Y 2 . 439 When modelling connections between processes, we use vector notation. A pure 440 correlation between X and Y entails that the covariance matrix in front of the stochastic term 441 will have off-diagonal elements. If there is a causal connection from Y 2 to X, for 442 instance, the system takes the following form 
